Handwriting and signature biometrics have a long history in the literature, especially in terms of identity recognition and/or verification; nevertheless, it reveals more information therefore provides more opportunities for personal characteristics estimation, particularly, emotional state. However, almost all publicly or commercially available databases do not include contributors' demographic labels or emotional status in addition to their identification labels, leading these available databases to be only useful for verification and identification based research studies. For this reason, this paper proposes both offline and online handwriting and signature biometric database with a wide range of ground truths (emotional status labels -happy, sad and stress) in addition to the identity labels and tries to predict ones' emotional state, namely happy, sad and stress, from their online biometric handwriting and signatures. The proposed database comprised total of 134 participants with 804 handwriting and 8040 signature biometric samples. The database presented also includes individuals' demographic information such as age, gender, handedness, education level and nationality. Subsequently, there are several experiments have been conducted, with different thresholds, which present the usability of the proposed database and preliminary results of emotional state prediction from both signature and handwriting biometrics. The experiments achieved remarkable success especially on stress prediction for handwriting. On the other hand, considering the results from signature biometrics, it is observed that happy and then sad and finally stress class forms the most part of the prediction accuracy.
I. INTRODUCTION
Biometrics is a generic term to reliably identify and/or verify an individual by recognizing the unique physiological (such as face, iris, fingerprint, ear and so on) and/or behavioral (such as handwriting, signature, gait, voice, keystroke and so on) traits that cannot be lost, forgotten, or used by others, as it is often the case with traditional ID (Identity) and password authentication systems [1] . Biometrics is helping reshape industries by relieving businesses' concerns about the security and privacy of their confidential information. This field is therefore gaining stable growth of attention from researchers bringing new features into the identification and authentication processes. Biometric identification has therefore been adopted in security applications (such as airborne,
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Soft-biometrics on the other hand identify and/or verify an individual's non-unique characteristics (such as age, gender, ethnicity, and so on) -rather than identity -by using physiological (such as face, iris, fingerprint and so on) and/or behavioral (such as handwriting, signature, gait, voice, keystroke and so on) traits [3] . Increasing importance for all types of soft biometric prediction as a practical applications of technologies become more diverse and widespread, is the issue of the providing important information about the individual for the forensic scenarios -when specific identity cannot be provided [4] , elimination of candidate individuals from consideration in an identification scenario to decrease the search space [1] , in health care applications playing a role in early diagnosis of illnesses [3] and so on. Furthermore, soft-biometrics provide predictive capabilities to higher levels of abstraction such as mental and emotional state of individuals (i.e. happy or sad, under stress or relaxed, and so on) to support applications mentioned above or analyzing individuals' activities [5] . Emotional state prediction enlightens many areas of the literature, from career counselling [6] , [7] , to measuring user interaction through entertainment technology [8] , from early stress recognition for office environment [6] to early prediction of neurodegenerative diseases such as Alzheimer, mild cognitive impairment and dementia [9] , as well as emotion prediction from keystroke dynamics [5] and many more. In addition, predicting mental and emotional state of individuals plays a particularly important role in security and defense systems, especially given the previous airborne terrorist attacks: this is clear evidence of the failure of early detection systems in air transportation. Although human emotions are apparently invisible mental states, behavioral biometrics aims to scan and reveal intentions, therefore there are many research studies examining how technology can capitalize based on the known behavioral responses that a person with malicious intent will exhibit for instantaneous recognition. Unfortunately, there are no automatic and inconspicuous early emotion detection systems that could improve the decision making process in surveillance operations, nevertheless there are several organizations that employ automated border crossing systems, such as Frontex (technical and operational) [10] , International Civil Aviation Organization [11] , the International Air Transport Association [12] , and the European Committee for Standardization [13] , who all use biometrics to authenticate travelers. EU first introduced Shengen Information System (SIS) in 1995 and its improved version is in action since 2018 which is called as Central Schengen Information System (CS-SIS) Automatic Fingerprint Identification System (AFIS). New investigations are in progress for the readiness and implementation of Automatic Biometric Identification System (ABIS) fingermark and palm mark technologies for their introduction in the CS-SIS [64] . Although, these implementations and studies are all based on the identification of the visa applicant, however, during visa application evaluation those biometric signatures and palmprints can be used to extract emotional state of the applicant to detect whether they are happy to travel or not.
In order to analyze, develop and improve science of biometrics and soft-biometrics, a fundamental requirement for the research studies is the database availability with biometric data and corresponding data labels (i.e. relevant ground truth information). Although, the availability of biometric database opportunity decreases for the soft-biometric area, still there are considerable amount of publicly and commercially available databases for many physiological (i.e. face, iris, fingerprint, etc.) and behavioral (i.e. signature, handwriting, gait, voice etc.) biometric modalities as presented in Table 1 . However, considering the higher prediction level of the soft biometric research, which is the prediction of mental and emotional state of individuals, availability of databases decreases even more considerably. For instance, such a database is publicly and commercially available for face, iris, fingerprint, gait and voice modalities which can be seen in Table 1 , and only one private English database (available for the use of established institution only) is existing for handwriting [14] and keystroke [5] modalities.
In the past, many researchers and institutions have joined their effort to establish biometric and multi-biometric databases [15]- [19] regarding to the unimodal and multimodal research and applications. However, a database with a biometric/multi-biometric data and a corresponding several data labels (i.e. relevant ground truth information) is still missing. Hence, nowadays lack of this kind of database is the main barrier regarding the improvement and possible developments of the biometrics (including unimodal and multimodal) and soft-biometrics research area, and also analysis of the relationship between them. As can be noticed from the above discussion, main absence regarding to the availability of databases including biometric data and a corresponding several data labels (i.e. relevant ground truth information) is based on handwritten and signature data.
The main reason behind this could be handwritten data is not frequently used for communication nowadays. However, it is still very important since both handwriting and signature is for instance widely used in digital form for determination of identity and other characteristics in forensic investigations [35] - [37] and healthcare scenarios (for instance, management of Parkinson's diseases, assessment of children with developmental coordination disorder) [5] , [9] , [18] . Furthermore, predicting one's emotion from handwriting and signature can even support the officers during the visa application process to detect whether the applicant is happy, sad or stressed, and a decision can be made by also taking in consideration their current emotions.
Handwriting and signature have been recognized as behavioral biometric modalities by the research community, are related to the motor skills, and reveal some characteristic information about the individual. Although every child in primary school learns how to write in a specific pattern and it becomes a motor skill as they mature but they can control what to write but not how to write. Therefore, analysis of one's handwriting and signature can reveal some information about the writer, such as behavioral traits, character or personality [38] . The handwriting and signature of individual can be measured and analyzed, therefore its measurability gives rise to opportunities for researchers to identify the identity of an individual as well as to predict their soft-biometric treats such as emotions [35] , gender [39] , age group [40] , and assess the effects of alcohol [41] .
Hence, this paper presents the recently acquired Handwritten Database with Multi-Labels -which includes both handwriting and signature data and all necessary soft-biometric data labels -which was collected at CIU (Cyprus International University) in 2017. In total, 134 individuals have been acquired in an indoor environment over one acquisition session for both offline and online handwriting and signature biometric data. The main novelties of this paper can be summarized as follows;
• Detailed overview of handwriting and signature biometric databases for soft-biometric research.
• Detailed description of the first online and offline handwriting and signature biometric data collected under different writing scenarios (fixed and variable task), physiological scenarios (before and after watching positive and negative videos) and with a corresponding several data labels (i.e. relevant ground truth information including identity, age, gender, ethnicity and emotion).
• Showing that online handwriting and signature biometric data includes information (i.e soft-biometrics) in addition to its owners' identity information.
• Showing that higher-level characteristics, particularly, emotional state estimation is possible to predict through ones' handwriting and signature.
The rest of the paper is organized as follows; Section II, will present extensive review of the available databases on handwriting and signature biometrics as well as their relation and differences to the proposed database. Subsequently, Section III will discuss the details of the data collection procedure of the proposed database. Finally, Section IV will focus on the experimental analysis and present first preliminary results which is followed by Section V with conclusion.
II. BACKGROUND
In this section, other reported works related to this study -the handwriting and signature biometric databases with corresponding emotional state of individuals labels -will be described in detailed. This documented survey will allows us to recognize the importance of the proposed database for the future development of the research studies in a wider context. Before all, it is useful to understand the background information (such as representation and text-content) of handwriting and signature biometric data.
Handwriting and signature biometrics can be represented in two ways: off-line and on-line. These differ in the type of information they employ. The input of the off-line systems is an image of a written text; the image is pre-processed by grey scaling, removing noise and segmenting characters and words. The input is treated as pixel patterns or textures, so that different features can be extracted for processing. On-line systems, on the other hand, take the input through an electronic pen used during the handwriting process. The input of the systems is a variety of dynamic features typical of the handwriting, such as X and Y coordinates, pen pressure, pen orientation, timestamp etc. Due to gathering input data during the writing process, on-line systems generally perform better than their off-line counterparts [42] . In our proposed database, we acquired data from participants in both dynamic and static representations.
When the focus of the attention is the handwriting biometrics then the text content becomes an important issue, where another decision that needs to be made in regards to processing is whether to use text-dependent (fixed) or textindependent (variable) content; these can be applied individually or integrally, depending on the available text content to perform the recognition. The text-dependent method requires all the participants to write a predefined text. Contrarily, in the text-independent method, participants can write any text regardless of the content. In our proposed database, we acquired data from participants in both fixed and variable tasks.
The detailed survey based on handwriting and signature biometric databases with corresponding data labels is shown in Table 2 . Important points based on the survey presented in Table 2 can be summarised as follows;
• Considering emotion label point of view, there is only one publicly available database based on handwriting biometric data (where the language is Italian) with corresponding emotion labels, and even more interestingly there is not any available database related to the signature biometric with corresponding emotion labels.
• Considering other labels point of view, there are only two publicly available databases based on handwriting biometric data with corresponding soft-biometric labels. However, none of these databases language is based on English Language. Similarly, there is not any available database related to the signature biometric with corresponding soft-biometric labels. Hence, in order to overcome these problems and allow the both biometric and soft-biometric research community to shed more light on the signature and handwriting biometric investigations and applications, in this paper a database both for signature and handwriting data is proposed which includes the following features;
• All necessary biometric data labels including ID, age, gender, handedness, emotion, nationality and education level.
• Biometric data representation both in online and offline versions.
• Biometric data representation both in fixed and variable content versions.
• Biometric data representation in English Language.
• Biometric data representation and labels from sufficient amount of subjects with sufficient amount of samples per each subject.
• A biometric database with all features mentioned above which is publicly available by the research community and provide base for comparison of proposed techniques and therefore improvement of biometric area. Furthermore, this study will focus on emotion prediction from handwriting and signature biometric data to perform preliminary experimental analysis using our proposed database, since as will be seen there is very limited work in this area. Hence, first it is also important to review the literature and also several other relevant studies related to handwriting and signature emotion prediction analysis more generally.
One of the preliminary studies demonstrated a viable possibility of emotional state prediction using handwriting [35] , in which 100 participants performed 4 tasks to shape the database. Their initial aim was to classify participants as happy/unhappy and stressed/not stressed. Based on 12 features, common in the literature of handwritten signature, prediction evaluations are performed using SVM (Support Vector Machine), K-NN (K-Nearest Neighbor) and Jrip (Optimized Incremental Reduced Error Pruning). Highest accuracies are achieved with the SVM classifier for emotional states, happy (80%) and stressed (70%). Although this study is taken as a baseline for our proposed database, to be able to have penetrative change on the emotional state of the participants, between each task we applied a stronger method: media. The visual and auditory elements of the video increased the effectiveness of each task and the participants in the desired state of feeling were consequently ensured with a stronger grip. This study is later extended and represented by [14] .
In the work reported in [18] , a new database for emotional state recognition called EMOTHAW (Emotion Recognition from Handwriting and Drawing) for emotional state recognition is presented; it consists of 129 participants' handwritings in Italian language and drawing focusing on the detection of emotional disorders and negative emotions such as anxiety, depression and stress. Their empirical study shows that drawing reveals more cues on depression recognition whereas anxiety and stress is better recognized through both writing and drawing cues. The data gathered during the 7 tasks is: pentagons and house drawings, words copied in handprint, circles, clock drawings and one sentence copied in cursive writing using a digitizing tablet. They also concluded that both features, in-air and on-paper, are useful and are listed in the top 3 after applying the feature selection.
A method has been proposed by [53] to predict a person's personality by exploring various offline handwriting features. They focused on computer assisted handwriting analysis and considered 9 different features such as the size and slant of the words, space between words, breaks in writing, pressure, margin, baseline, loop of 'e' and distance between the title (dot) and the stem of 'i's. The experimentation is conducted on around 80 samples and the results are compared with the manual analysis obtained by a graphologist. They achieved 93.77% estimation accuracy. For each feature, they also estimated the behavioral accuracy, where 93.84% is reached for the baseline feature, with its corresponding behavioral explanation being negative.
Another study [38] , is performed to identify people who are emotionally disturbed or depressed, and need psychological help. For this empirical study, offline handwriting features such as baseline, slant, pen-pressure, size, margin and zone is extracted from the scanned handwriting data. It has been stated that the proposed computerized system is more accurate than a human graphologist.
An expert system to detect student's exam anxiety from their offline handwriting samples has developed and presented in [65] . Authors collected 210 handwriting samples in two sessions; one month before the exam and during the exam day. The features which are used in this study are character's height, width and line slant. 66,6% classification accuracy is achieved and it has been concluded that an online system would be more accurate compared to offline.
One of the most recent works conducted by [66] is also aiming to extract emotion from handwriting. Hence, no attempt have been made for signature. Their work achieved 66% accuracy with user independent Support Vector Classifier for 1 in 4 classification (1. High Valence, High Arousal, 2. High Valence, Low Arousal, 3. Low Valence High Arousal and 4. Low Valence Low Arousal). The classification accuracy increased up to 70% with user dependent classifier. The proposed work illustrate how a system can recognize one's emotional state from their handwritten text however with a very limited (12) participants when compared to the data presented in this work. To be able to achieve adequate and qualified classification performance and extract useful information 134 subjects' handwriting and signatures have been collected in this study.
In the work reported in [54] an Analyzer, a real-time handwriting analysis system which is writer independent, has been developed to predict the personality of an individual by his/her writing samples. The experiment shows that a female writer writes longer sentences in comparison to a male. The slope of words is however similar. The slant of male handwriting is straight whereas female writing leans towards the right. The pen pressure of a male is scale whereas a female apply more pressure. With all these features they concluded that a male writer has a technical mind and use it time by time. However, the female writer has an artistic aptitude and uses their time.
On an empirical study demonstrated by [55] , they tried to expose the relationship between signature and personality traits using business managers' signatures who sign very often in their busy schedules. They tried to explain the correlation between the fractal dimension of the signatures and the results of the personality tests. They concluded that with a result of 0.05 significance level there is no relationship exists between signature and personality characteristics using graphology method with offline features. The literature based on handwriting and signature emotion analysis summarized in Table 3 .
When the focus of attention is the signature biometrics, it becomes even more difficult to find research studies in the literature. For instance, to our knowledge, the only experimental study is [67] which depicts the personality trait prediction based on the features such as underscores below signature, appearance of dot on the letter, curved start, ending stroke, and streaks disconnected and achieved accuracy rates 100%, 95%, 94%, 96% and 92% respectively.
As can be noticed from the above brief survey, there are very limited work related to the emotion prediction from online handwriting and signature biometric data. This paper will also present preliminary experimental analysis related to the emotion prediction based on both handwriting and signature biometric data to shed more light to this area.
III. THE CIU HANDWRITTEN DATABASE
In this section, the data acquisition system, participants and their demographic information, and the data collection methodology of the CIU Handwritten Database which has been conducted by the CIU in North Cyprus will be documented in detail step by step.
A. DATA ACQUISITION SYSTEM
The data for both handwriting and signature biometric acquisition has been conducted in a homogeneous environment using state-of-the-art pressure sensitive tablet called Wacom Intuos Pro -large (19''×12.5'') and a special writing device called Intuos Inkpen (Wacom Art Pen -KP701E2) [57] . A4 paper overlay is also used to provide visual feedback to contributors since visual and blind corpuses reveal some recognition accuracy differences [58] and makes contributors feel more comfortable while writing or signing.
Other than online samples stored in a text file, offline samples also exists and are saved in jpg format to give researchers more flexibility to work on the biometric data, which is the one of the main strengths of the collected database. More detailed description regarding to these will be given in Subsection C.
B. PARTICIPANTS AND DEMOGRAPHIC INFORMATION
Before collecting any data from participants, informed consent was obtained from all participants to ensure that accepted principles of ethical and professional codes of conduct are implemented.
The database is constructed by 134 volunteers, all from CUI in North Cyprus. Each participant generated 6 handwritten texts and 60 signatures. Coarsely, the database consists of 804 handwritten texts and 8040 signature samples in total. Detailed explanation and description of context of the collected handwriting and signature biometric data will be presented in Subsection C.
The other demographic information each contributor provided are; gender, age (each fall into three different age groups: 53 people under 25, 77 between 25-45 and 4 46 or older), handedness, education level and nationality (contributors from 22 different nations). Participants' demographic information distributions presented Fig. 1 .
It is important to mention that the age groups defined above is only for the ease of presentation for the reader. Exact date of birth for each individual is available and stored in the database.
C. DATA COLLECTION METHODOLOGY
The handwriting biometric data has been collected in total of four different tasks using the defined data collection system in section IV; two text-dependent (i.e. fixed Task 1 and Task 4) and two text-independent ( variable Task 2 and Task 3).
First task was aiming contributors to exhibit their natural handwriting and signature, and the remaining three tasks on the other hand, aiming to change their emotional state. The tasks each participant needs to carry out after providing their demographic information and signing the consent form, are summarised as:
Task 1: Participants were asked to copy a predefined text consisting of 43 words and 243 characters which provide an approximate distribution of the most common digraphs and trigraphs in English language. The predefined text chosen which provides a rich handwritten data referenced from [5] .
Task 2: Participants were asked to watch a media (video) and write some text with their own cues. This visual stimulus consists of components designed to convey a positive and often 'happy' message. Task 3: Same process as in Task2 is performed, except the video aiming to convey a 'sad' message.
Task 4: The previous tasks had no time limit. Contrary to this, in task 4 the participants were asked to copy a predefined text (10 words and 50 characters) within a maximum of 10 seconds. During this time, the countdown timer was a remarkable factor. The predefined text used is chosen to cover all the letters in the English alphabet is referenced from the same work as in Task 1.
The order of the tasks is another factor considered seriously in the data collection process. Assuming the majority of the participants started the data collection process as natural (not very happy, sad or stressed), we aimed to make them happier in the second task. With the media we use in Task 3, we aimed to make a dramatic change on their feelings (as opposed to Task 2) and tried to make them feel sad or upset. After this caused slight change on their stress levels, finally in Task 4 the time limit boost their stress levels to higher.
Furthermore, other than handwritings, at the end of each task, 15 signatures were acquired from participants to be able to measure emotional state reflections on their signatures as well. To obtain the ground truth for the possible three higherlevel states, specifically in this case the question of whether or not a subject is 'happy' or otherwise, whether or not a subject is 'sad' or otherwise, and whether or not a subject is experiencing 'stress' or otherwise, participants were asked to express their feelings by filling in the score sheet at the end of each task, scoring their emotional states namely happy, sad and stressed at the time of carrying out the task by assigning a score from 1 (least) to 10 (most) as in [35] . Fig. 2, Fig. 3 , and Fig. 4 illustrates the score distribution of happy, sad and stress emotion recorded in each task respectively. It can clearly be observed that the effect of the visual media that has been used during data collection was strong enough to ensure the desired emotion of the participants thus proves the validity of our approach. Having acquired appropriate ground truth, classification can be done more accurately.
In order to make sure that our proposed approach -letting the participants to watch a media (video) and write some text with their own cues, signing their signature and then to express their feelings by filling in the score sheet at the end of each task -would provide us reliable ground truth labels of emotion, an experiment is performed based on the obtained labels. The difference between before and after emotion manipulation is evaluated between Task 1 (which is the natural task) and other each Task (i.e. Task2, Task3 and Task4).
Let T F Total no. of female participants with T FHT1 = no. of female participants feeling happy in Task1 and, T FHTN is the no. of female participants feeling happy in TaskN (where N here represents the Task number), then the ratio of happy females between Task1 and TaskN can be defined as follows:
The approach applied has revealed sound results as can be noticed from the Table 4 with the equation (1) applied. It can clearly be seen that emotion manipulation method was successful for both male and female participants but more successful on female participants except Task 2 (happy task). The biggest difference before and after emotion manipulation was observed is in Task 3 (sad task) with 72% difference on females.
D. ORGANIZATION OF THE DATABASE
The proposed CIU Handwritten Database has been organised in the following format;
• 134 directories are contained under the main directory as shown in Fig. 5 .
• Documents: Consist of test subjects' demographic information (134 text file), extracted features and graphical representation of 6 handwritings and 60 signatures.
E. LEGAL ISSUES AND DATABASE DISRIBUTION
Given the concerns about security, confidentiality of proprietary information, and fraud in general, the collection, storage, and use of handwriting and signature biometrics raise a number of legal, ethical and social concerns. Therefore, before the data collection process, participants have been informed about the purpose of the study, his/her rights, data confidentiality, and protection which can be summarised as follows; Consent of participants: achieved by reading the information sheet and signing the associated consent form with the opportunity to discuss this with a member of the research team. Also participants have been told of the use to which data will be put (e.g. research publication)
Withdrawal from the data collection: participants have been told explicitly (both in the participant information sheet and associated consent form) that they are free to leave the study at any time without jeopardy.
Confidentiality of a participant: have been guaranteed by linking the acquired signature and handwriting samples to an identity number and only this identity number to be used in data analysis.
Protection of participants: the participants are not at risk of physical or psychological harm greater than encountered in ordinary life. This is also approved by the head of Psychology Department of CIU.
IV. EXPERIMENTAL SETTINGS AND RESULTS
In this study, several different types of experiments have been performed to investigate and analyse individuals' emotional state through their handwriting and signature biometric data which can be seen in Fig. 6 .
A. FEATURE EXTRACTION
Unlike offline signature and handwriting biometrics that focus on the shape and structural characteristics of an image, this study focuses on the online features collecting path and time dependent features, since due to gathering input data during the writing process, on-line systems generally perform better than their off-line counterparts [42] .
By using an electronic tablet and pen to capture online features of signatures and handwriting, it is possible to extract all points of every character. However, this does not mean every point we capture is useful. For example, in Task 1 all participants are asked to write a fixed text but in Task 2 and Task 3 they are free to write what they want (variable text). Therefore, using ''the total time taken to execute the text'' as a feature is not valuable and can even manipulate the classification results for handwriting biometrics. Table 5 lists the online features, extracted for both signature and handwriting, which are commonly used in signature and handwriting processing in the literature [14] , [40] , [59] - [61] .
B. PREPROCESSING
Since the signature and handwriting data generated in different sizes are heterogeneous, normalization is required to transform these signature and handwriting data into a common domain before analyzing them. The pre-processing method used in this study is called z-score which is one of the most commonly used score normalization techniques in biometrics [62] . The z-score normalization formula can be found in equation (2): where i = 1, 2, . . . n, and n is the number of samples, k = 1, 2, . . . m, and m is the number of features, µ k is the mean and σ k is the standard deviation of all samples in the k th feature, x i k is the k th feature of the i th sample, z i k is the mean and variance normalized k th feature of the i th sample. Before proceeding to the emotion prediction process, emotion labels (scaled between 1 and 10) which are ten classes also normalized into two class label, by taking into consideration the scores assigned by each subject and simple thresholding technique. The idea behind normalization here is to eliminate any incongruity between the perceived and experienced emotion and meticulously analyse the data for correct prediction. Theoretically, it is difficult to accurately examine handwriting for emotion prediction due to the fact that there is no exact threshold value available [36] to divide emotions into two class problem. Therefore, we considered two different threshold values in order to compensate with this issue. At first, we considered the threshold value for happy/sad/stressed to be 8, which means if the subject assigned 8 and above for the emotional feeling then it is considered as positive and negative otherwise. Another threshold value defined in the experimental work is 7, where threshold value 8 is ignored this time to extend the boundaries between the positive and negative feelings.
C. EMOTION PREDICTION
Initially, all features are extracted from the handwriting and signature biometric data as described in Subsection A. Subsequently, extracted features and emotion labels are normalized as described in Subsection B. Finally, several different experiments are performed to predict the emotional state, which will be explained and presented in this Subsection.
For all performed experiments, in order to predict emotion from both handwriting and signature biometric data, all three classification methods namely K-Nearest Neighbor (k-NN), JRIP and Random Forest have been applied using WEKA software [63] with default parameters. KNN is one of the most popularly applied classification method in pattern recognition and, in certain cases, its accuracy is greater than state-of the-art classifiers especially when the value of k is small (in all experiments the value of k is 1) and it takes less time during classification [68] . On the other hand, Random Forest algorithm have an impressive prediction performance since it can handle high dimensional spaces as well as large number of training samples [69] which was the case for signature samples (8040 in total) in the current study. JRIP is another robust algorithm in terms of complexity of tree structure. Therefore, these classification algorithms have been chosen in terms of high accuracy with large number of training samples (RF, JRIP) and time complexity (KNN).
Four fold cross validation technique is used for the prediction performance evaluation. In other words, the whole dataset is randomly partitioned into four subsets of which one of them is used for testing data, and the remaining three subsets are used for training data. Although, three samples per subject were collected in Task 1, only the first samples of subjects are used in classification due to the problem of imbalanced data.
Several experiments are performed to analyze and demonstrate the emotion prediction accuracy using two different threshold values (for the emotion score normalization) and three classifiers.
D. RESULTS
Subsequently, three different types of experiments have been conducted for classification to predict the emotion from both signature and handwriting samples. Experiment 1 comprise different participants' samples from same tasks, Experiment 2 comprise samples from Task 1 with other tasks and Experiment 3 comprise those participants' samples who scored happy or sad or stressed in each task except Task 1.
Experiment 1: In order to be consistent and to be able to compare our findings with the literature, first experimental study is performed using the methodology applied in the study [35] which is considered as a preliminary study to the emotion prediction from handwriting biometrics. In this proposed emotion prediction method, prediction is performed for each task individually. In each task, participants' biometric data labelled as ''natural'' or ''positive'' (i.e. not happy vs happy, not sad vs sad and not stress vs stress) based on the defined threshold for the emotion scores. Hence, for this experiment, three sets of dataset are formed as follows; Dataset 1: contains subjects' biometric samples from Task 2 whose score is labelled as ''natural'' (not happy) or ''positive'' (happy). Dataset 2: contains subjects' biometric samples from Task 3 whose score is labelled as natural (not sad) or ''positive'' (sad). Dataset 3: contains subjects' biometric samples from Task 4 whose score is labelled as ''natural'' (not stressed) or ''positive'' (stressed).
Exactly the same experiment with the aforementioned study [35] is performed to predict the emotion using both handwriting and signature biometrics. Results are presented in Table 6 and Table 7 for the handwriting and signature biometrics respectively.
The experimental results both for the handwriting and signature biometrics could not be considered as reliable for the Task 3 (sad) and Task 4 (stress) prediction, due to the imbalanced number of samples between ''natural'' and ''positive'' emotions (for instance; there are 116 ''natural'' (not stress) and 17 ''positive'' (stress) samples for handwriting, and 1740 ''natural'' (not stress) and 180 ''positive'' (stress) samples for signature prediction) as can be noticed from Table 6 and Table 7 for the handwriting and signature emotion prediction respectively. Therefore, comparing our prediction results with study [35] and making any conclusions is almost impossible for the sad and stress prediction. The main reason for unequal number of samples in these tasks in our proposed database is due to the robustness of our data collection methodology used to change the emotions of the subjects during each task.
On the other hand prediction results based on Task 2 (happy) yields balanced (i.e. acceptable) number of samples between ''natural'' and ''positive'' emotions when threshold is selected as 8 (for instance; there are 68 ''natural'' (not happy) and 66 ''positive'' (happy) samples for handwriting, and 1020 ''natural'' (not happy) and 990 ''positive'' (happy) samples for signature prediction) as can be noticed from Table 6 and Table 7 for the handwriting and signature emotion prediction respectively.
Hence, comparing our prediction results based on happy task with the study in [35] based on handwriting biometrics, it can be observed that both findings exhibit similar prediction accuracy which is around 50-53 %. In addition, as first experimental result in the literature, our results presents that it is possible to predict ''happy'' emotion from the signature biometrics up to approximately 75% accuracy as shown in Table 7 .
Since the methodology applied in [35] is providing unreliable results due to the imbalanced number of samples between ''natural'' and ''positive'' emotions, second experiment is performed by using our new proposed methodology. Recalling the represented experimental analysis in Table 4 (in Section III -C); it can be noticed that the majority of the participants started to the data collection without having any extreme emotions (i.e. not very happy, not very sad or not very stressed). Hence, the participants mostly scored their emotions below the defined boundaries (i.e. below 7 or 8 and above 5) in Task1. Therefore, in this paper, as a new methodology; it is reliably assumed that participant's emotions in Task1 represent the ''natural'' emotion. On the other hand, it is reliably assumed that participant's emotions in Task2, Task3 and Task4 represent the ''happy'', ''sad'' and ''stress'' emotions respectively. Experiment 2: Hence, as a second experimental study, three datasets are formed for both signature and handwriting biometric data; Using the three formed datasets the obtained results are shown in Table 8 and Table 9 for the handwriting and signature emotion prediction respectively.
Considering handwriting and signature biometrics, most consistent prediction performance between the emotions (i.e. prediction of happy, sad and stress) and most reliability (balanced number of samples in the ''natural'' and ''positive'' classes) is achieved using threshold 8 and a Random Forest classifier with accuracies approximately between 60% -88% for the handwriting and 65% -70% for the signature biometrics. Classification results were even better when threshold was 7 (8 ignored), up to 92% for handwriting and 85% for signature with the same classifier (see Table 8 and Table 9 ). Robustness of Random Forest classifier is related with the strength against high dimensional data and large data sets which is aforementioned in Subsection C. Another remarkable point elicited here that is worth of attention was; best prediction results obtained in this experiment was stress both for handwriting and signature features. TABLE 10 . Prediction from handwriting using happy, sad and stress samples from task 1, task 2 and task 3 in terms of balanced and imbalanced sample sizes. TABLE 11. Prediction from signature using happy, sad and stress samples from task 1, task 2 and task 3 in terms of balanced and imbalanced sample sizes.
In a wider context, it can be noted that these results obtained in handwriting and signature biometrics are encouraging with slightly high recognition rates and proves that handwriting and signature contain valuable information about one's emotional states.
Experiment 3: The third experiment is carried out using three class classification (happy or sad or stressed). Opposite to the previously performed experiments, which predicts emotion using data from two tasks (Task1 that comprise ''natural'' and other tasks that comprise ''positive'' labels), the aim of this experiment is to identify those participants' emotional state information on their handwriting and signature samples from three tasks (Task2, Task3 and Task4). The prediction performed in this experiment is between three tasks, which can be called as inter-task classification.
To carry out this experiment, participants' biometric data are tested within those who have a positive emotion, in other words, contains all subjects' biometric samples whose score in Task 2 is labelled as Happy, all subjects' biometric samples whose score in Task 3 is labelled as Sad and all subjects' biometric samples whose score in Task 4 is labelled as Stressed. Hence, all samples from Task 1 are ignored. Therefore there is only one dataset used in this experiment for classification with three different labels. However, since the number of samples belonging to each class is not balanced and this could affect the obtained results. Exactly same experiment is performed by forming a balanced dataset, with including first 57 and 24 samples (for threshold 8 and threshold 7 with 8 ignored respectively) for each class for the handwriting biometrics and, and first 885 and 360 samples (for threshold 8 and threshold 7 with 8 ignored respectively) for each class for the for signature biometrics.
The obtained results are shown in Table 10 and Table 11 for the handwriting and signature emotion prediction respectively.
Considering handwriting and signature biometrics, the best prediction accuracy is achieved using a Random Forest classifier with accuracies approximately between 55% -58% for the handwriting and 45% -50% for the signature biometrics (see Table 10 and Table 11 ).
V. CONCLUSION
In this paper, initially an extensive review of a broad range of unimodal and multimodal biometric databases have been reported -especially on signature and handwriting biometrics -in terms of their availability (i.e. publicly, commercially or privately), labels (i.e. identity and/or soft-biometric label), content (i.e. fixed and/or variable task for the handwriting and offline and/or online for the signature biometrics) and the number of samples. The review and discussion presented in itself is a very valuable study since it clearly identifies the strengths and weaknesses of the currently available biometric databases, and illustrates the characteristics likely to be needed for the future research in the biometrics and softbiometrics fields.
Secondly, the new database -which will be publicly available for research studies -proposed containing signature and handwriting with online and offline biometric samples, and with soft-biometric labels including emotional state has been introduced based on the light shed from the initial review and discussion. Proposed and presented database is the main contribution and novelty of this study since it will be the first publicly available database in the literature which includes all soft-biometric labels -specially the emotional state -for both signature and handwriting modality. Hence, the resulting database is flexible and adaptive enough to be a gateway to a deeper exploration as well as act as a benchmark to many researches. For instance, by providing the demographic information of the participants, this database will be opening new investigation approaches in handwriting and signature biometric identification, verification, soft biometric (such as gender, handedness, age, education level and nationality) and emotion prediction. It can also be beneficial for scientific community for further testing for offline and offline data since the database comes with both online (dynamic features recorded in txt format) and offline (static features recorded in jpg format).
Finally, we have specifically carried out several experiments to show that it is possible to reliably predict the emotional state from both handwriting and signature biometrics using our new recently proposed database. Although the experimental results presented here are extending the findings presented in the first study to predict emotion from the handwriting biometrics [35] by using different prediction methodology, and predicting emotion from signature biometrics as a first time, still the experimental results presented here are preliminary. However, findings are extremely encouraging for further work, on which we are currently engaged. Hence, conclusions based on the experiments -on emotion prediction -are thus expressed more in terms of overall indications of potential, rather than definitive statements.
Consequently, the proposed database hopefully may shed light on future research efforts on emotional state prediction from online and offline handwriting and signature biometrics and open new investigation approaches for both identity and soft-biometric prediction.
This study, by presenting a comprehensive handwriting and signature biometrics database, raises a number of opportunities for future research such as predicting the emotional state based on the offline features (since it provides all the collected documents in jpg format) as well as hybrid (combination of dynamic and static features) method.
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